Purpose The aim of this study was to derive an algorithm to estimate utility values for the EQ-5D-3L health states based on the preferences of a population sample from Sri Lanka. Methods The time trade-off method was used to directly value 198 EQ-5D-3L health states in a general population sample (n = 780) from Sri Lanka. Stratified cluster sampling with random selection within clusters was used to select the sample from four districts. Each participant valued 15 health states via face-to-face interviews. The best fit model was selected using consistency, parsimony, and goodness of fit. Based on logical inconsistency, numerous sub-samples were also used for model specification. For each model, the numbers of illogical orderings in the resulting value set were also examined. Results Generalised least squares with random effects were found to be the best specification. The sub-sample consisting of participants with less than seven logical inconsistent observations produced no illogical ordering in the final value set and is considered the preferred model. Compared to value sets in other countries, a high disutility is associated with level 3 deficits in the mobility dimension. More than 50 % of health states in the Sri Lankan value set are deemed worse than death health states. Conclusions Sri Lankan utility values for EQ-5D-3L states deviate markedly from existing values for upper middle and high-income countries. It is important to have country-specific utility values to conduct cost-utility analysis.
Introduction
Economic evaluation is an essential aspect of health care decision-making in high-income countries [1] . Many highincome countries use health economic evaluations in prioritising interventions and determining government subsidies in health care [2] . Thus, health economic evaluation has brought an evidence-based approach to making decisions in allocating limited fiscal resources in high-income countries. Moreover, when the decisions are to be made on factors which change health related quality of life (e.g. subsidising a new expensive drug that improves quality of life and life expectancy of patients) cost-utility analysis (CUA) using quality-adjusted life years (QALYs) as an outcome measure is the preferred evaluation approach [1] . Use of QALYs as an outcome enables the quantity of life (mortality) and quality of life (morbidity) to be combined into a single metric [3] . QALYs use weights to account for the quality adjustments in different health states. In this approach, pre-defined health states are measured by the general public by using preference elicitation techniques [4] . Development of standardised multi attributes utility instruments (MAUI) has facilitated description of the health states [5] through describing health in different dimensions and levels. The most widely used MAUI with the most algorithms is the EQ-5D-3L. The EQ-5D-3L has five dimensions and three levels in each dimension making 243 health states.
An intervention found efficient in a high-income country is not necessarily efficient in a low-and middle-income country (LMIC). From the perspective of preferences, widely different socio-economic, cultural, social as well as available infrastructural facilities might lead the population in a LMIC to perceive a heath state to have a different value from that assigned in a high-income country. If this is the case, use of value sets from other countries in CUA would misrepresent the QALY gain associated with interventions from the perspective of a LMIC [4] . Utility weights have been shown to vary even between highincome countries [4, 6, 7] . It is doubly important in the context of LMIC, where utilities of high income and lower income countries could be significantly divergent. Thus, it is recommended that country-specific utility weights be used for health economic evaluation [4] .
Sri Lanka, a lower middle-income country [8] , has reported neither any CUA nor any health state valuations to derive utility weights [9] . Moreover, supporting the availability of utility weights for a LMIC like Sri Lanka could promote formal adoption of health economic evaluation in health care decision-making, resulting in more efficiency in their health system. The aim of this study [10] was to derive utility weights for Sri Lanka for the EQ-5D-3L health states and compare the derived utility values with other LMIC and high-income countries.
Methods
The methods developed to value the EQ-5D-3L health states using a representative population sample in Sri Lanka have been described in detail elsewhere and are summarised briefly below [10] .
Of the 243 health states described by the EQ-5D-3L, 196 states (plus 33,333) were directly valued using the time trade-off (TTO) technique [11] . Viney et al. [11] proposed a method to select 196 plausible health states appropriate for use in a direct valuation. The excluded health states, totalling 45, linked mobility 3 with either level 1 self-care or level 1 usual activities [11] . The selected 196 health states were randomly divided into 14 groups each containing 14 health states. In addition to the 14 health states, each participant valued the pits state, 33,333. The 11,111 health state assumed the value of 1. The 11,111 health state was used as the anchor point for full health. Health states were valued in face-to-face interviews at the participant's house. Interviews were conducted in Sinhalese and English by eight trained data collectors. Each participant was asked to rate their own health using the EQ-5D-3L questionnaire after completing basic demographic information. Then, each health state was valued with the aid of a two-sided TTO board [12] . The interview was paper based. Firstly, each health state was determined better than death or worse than death by the participant [10, 12] . The preference exercise started with 5 years of full health as a trade-off for 10 years in a given health state. Outward titration was used to determine the point of indifference depending on the participant's answer (five to ten or five to zero) [12] . If a participant preferred living in a health state for 10 years followed by death to immediate death they were asked the length of time (x) they prefer to stay in full health. The utility score was calculated as x/10. For worse than death health states, immediate death was compared with a combination of living in the health state (y) and full health (10-y) followed by death [10] . The utility score for health states worse than death was calculated as (y/10)-1. This method limits the lower boundary of utility valuation to -1 (in worse than death health states), thus containing the values between ?1 and -1 [10] . A stratified cluster sampling with random selection within clusters was used to select the sample from the Sri Lankan general population [10] . The calculated sample size of 780 was selected from four randomly chosen districts in Sri Lanka [10] . The sample size calculation assumed minimum clinically important difference (0.05), standard deviation (0.26), 80 % power, and 95 % significance [10] . To compensate the error produced by cluster sampling, the sample was increased by the design effect [10] . A district was divided into medical officer of health (MOH) areas. Each MOH area was divided into public health midwife areas (PHM) [10] . Twentythree PHM areas were selected from the four districts using probability proportionate to size method [10] . The primary cluster was a PHM area. Thirty households were randomly selected from each PHM area. One adult was systematically selected from the chosen household to complete the interview using the Kish grid method [10] . In the cases of a household being unoccupied when first approached, the data collectors kept revisiting during the time they were at the cluster. If the household continued to be unoccupied during the allotted time period, it was considered nonparticipant; no replacement selection was made [10] .
Data analysis
Data were analysed using Stata12 software [13] . Initially, regression models were fitted to the full data set (FD). For the FD, ordinary least squares (OLS), multi-level modelling, and generalised least square models with random effects (GLSRE) were compared to determine the best model specifications. For each regression model, three types of independent variable models were used. One was all pairwise interactions [11] , the second was the level 3 interactions [11] , and the third was the parsimonious model (PM) where only the significant co-efficients were retained using exhaustive stepwise functions. To specify PM after all the pairwise coefficients were specified, models were rerun excluding all two factor interaction coefficients with p [ 0.2. Several iterations were carried out until only coefficients with p \ 0.2 were remained. Coefficients from the main effects model were not excluded, regardless of their p value. This stepwise function was carried out for coefficients with p [ 0.1, and finally for co-efficients with p [ 0.05, leaving only the significant coefficients in the model.
Given the clustering of the data, the intra-class correlation (ICC) was used to determine the variance associated with each cluster level using FD. This was to assess whether multi-level modelling was required to account for the design effect due to the clustering of data.
The main effect model consisted of two coefficients for each dimension. One represented any dimension at level 2 and the second dimensions at level 3 (e.g. MO2 and MO3 for mobility) [11] . Pairwise interactions consisted of 38 coefficients excluding the combinations of dimensions that were not included in directly valued health states [11] . Utility was used as the dependent variable for the model specifications. All dummy variables for main effects and pairwise interactions were named similar to those of Viney et al. [11] .
Data were further examined based on the logical inconsistency of the values given to health states by the participants. When each participant values a subset of health states, only a few pairs of health states in these subsets will have a logically inconsistent (LI) relationship. For example, when health state X has some levels better and worse than health state Y, LI cannot be predetermined (e.g. 12,232 vs. 23,211) [14] . When state A is logically better on at least one dimension, and no worse on other dimension than state B, A should have a higher utility value than B (e.g. A-11,232 and B-22,232). Otherwise, if A is given a lower utility value than B from the same individual, Dolan et al. [14] defined the pair as a logical inconsistent. However, there are arguments that inconsistencies which are less than 0.1 are part of measurement noise. Lamers et al. [15] defined the difference between utility values should be more than 0.05 for them to be identified as LI. Thus, if health states B have a utility value of higher than 0.05 over A, the A and B pair is considered LI. The value of 0.05 corresponds to the 6-month interval given in the TTO valuation. It is the smallest increment in the 10-year time horizon (1/20) [10] . As a result, 0.05 is the level of sensitivity a utility value can achieve based on conventional TTO valuation. In the present study, Lamers et al. [15] definition is followed to identify LI and is referred to as ''Lamers' criteria''. In the present analysis, when a pair of health states was identified as having LI in a participant's responses, both health states (the better and worse states) were considered as logically inconsistent. In addition, the number of LI for each respondent was also determined.
Various sub-samples were determined from the FD based on the number of LI in the sample. First, non-traders were excluded (hereafter this sub-sample is labelled NT). Non-traders gave the same value for all the valued health states and were excluded from all subsequent sub-samples. Second, a sub-sample excluding all LI observations was derived (labelled LLI) according to Lamers' criteria. The third sub-sample excluded all participants with at least one LI observation according to Lamers' criteria (LG1). Subsequently, nine more sub-samples were made, based on the number of LI values per participant. These datasets ranged from excluding all participants with more than two LI observations to more than ten LI values (LG2-LG10). Each sub-sample was specified with regression models described for FD to find the best model fit. In total, 117 (13 9 3 9 3) models were examined.
The best model fit was assessed by Akaike information criteria (AIC) and Bayesian information criteria (BIC) [16, 17] . Each measure penalises larger models for using additional degrees of freedom while rewarding improvements in goodness of fit (with BIC placing higher penalties). The log likelihood ratio test was used to assess significant differences between models.
Using the coefficients of the consistent, parsimonious models with best goodness of fit [18] for each sub-sample, value sets for each of the 13 models were developed. However, if a model other than the best model is chosen there is a possibility of illogical ordering (IO) in the value set [11] . IO is where a logically worse health state receives a higher value than a better health state in the estimated algorithm. Thus, IO of the resulting utility values should also be a factor in deciding the best fitting model specifications. The balance between minimum IO and maximum use of reported natural observations (minimum LI exclusions) was determined to find the preferred EQ-5D-3L value set for Sri Lanka. Moreover, correlation between models for scores and ranking was tested with Pearson r and Spearman rho.
Using the selected Sri Lankan values set for EQ-5D-3L, comparisons were made with recent LMIC EQ-5D-3L value sets. Sri Lankan values were compared with Argentine [19] and Thai [20] EQ-5D-3L values as standard deviation of those values sets were used in the sample size calculation [10] for the Sri Lankan EQ-5D-3L study.
Argentine and Thai value sets were selected for comparison because they were the most recent EQ-5D-3L valuations from LMICs. Moreover, Sri Lankan values were compared with Australian [11] EQ-5D-3L values as the present study was similar to the Australian study in relation to the number of directly valued health states (n = 196), as well as following similar model specifications.
Results
Of the 780 sample with whom contact was made, 736 people consented to the study and completed the interview (a 94.4 % response rate). The largest age group in the sample was 30-49 (36.9 %) ( Table 1 ). The majority of participants were female (62.5 %), and most were married Sinhalese Buddhists. Only 5 % of the sample had received no formal education, and the majority of the sample was unemployed (59 %). Compared to the Sri Lankan population (51.5 %), sample had more females (62.5 %). There were more Sinhalese Buddhists in the sample than in the general population (88.7 vs. 70.2 %) and more females (62.5 vs. 51.5 %).
Of the 736 participants, 19 % reported some mobility problems and 34 % reported pain and discomfort at the time of interview. Less than 10 % of the sample reported problems with either self-care or usual activities. There were 10,393 TTO valuations and 647 missing observations for this sample as not all participants competed the valuation exercise. However, we included valuations in the analysis from such participants irrespective of whether they completed the interview. In addition, there were 22 nontraders who collectively accounted for 313 (3 %) observations. ICC was examined for the cluster levels of district, MOH, PHM, and participant. The ICC for each cluster level was B0.1, indicating that the percentage of variance at each level of cluster was below or equal to 10 %. Thus, there is no significant design effect at any of the cluster levels. Multi-level modelling is justified if cluster levels have variance well in excess of 10 % and therefore multilevel modelling is not warranted in the present analysis. The within respondent variability is also not considered as each respondent valued 14 different health states.
GLSRE models for selected sub-samples are presented in Table 2 . Model specification was GLSRE as it was the best fit for each sub-sample. All models are parsimonious models except LG7b and LG7c. All coefficients are statistically significant (p \ 0.05) except in LG7b and LG7c. For each model of FD, NT, LLI, LG1, LG10, and LG7, all interactions and level 3 interactions models were also specified with parsimonious model. In each case, three models were compared with AIC, BIC, and determined that the PM was the best model fit. However, the log likelihood ratio test was not significant between all interactions, level 3 interactions, and PM in any model. Only PM is given for FD, NT, LLI, LG1, LG10, and LG7 in Table 2 . Using LG7, PM (LG7a), all interactions (LG7b) and level 3 interactions (LG7c) are also compared in Table 2 . All main effects were negative, and all level 3 coefficients had a larger absolute value than level 2 coefficients showing consistency of the models. The value associated with MO3 had the greatest effect (in all models) and was less than negative one. Parsimonious models have only a few interactions due to the exhaustive nature of model selection. The most common interactions in the models were MO3_SC3, MO3_UA3, MO3_PD3, MO3_AD3, and UA3_PD3. Thus, any interactions involving MO3 had a higher chance of being statistically significant. Coefficients for two-way interactions generally produced positive values.
In the analysis, we examined a main effect model as well as the N3 model. N3 is a dummy variable positive if at least one dimension is at level 3. When main effect only and N3 models were compared with the models with interaction terms they were found to be inferior in terms of model fit values (AIC and BIC). Therefore, the main effect only and N3 model were not presented in our results.
According to the Dolan et al. definition for logical inconsistency, there were 5,951 LI observations. In comparison, there were only 2,897 LI observations (LLI) according to Lamers' criteria. However, when all participants with at least one LI (Lamers' criteria) were excluded, only 2,170 observations remained (LG1), but when all participants with more than seven LI observations were excluded 8,337 (80 %) observations remained for the analysis.
Using coefficients from the FD model, an EQ-5D-3L value set was generated. However, 29 illogical orderings were observed in the FD value set. As shown in Table 2 , similar number of IO was observed in the value sets produced by NT and LLI. It was interesting to note when all LI observations were excluded (as in LLI), the resulting value set still produced 18 IO. However, LG1 without any participant with a single LI observation did not have a single IO in its value set. However, LG1 had only 21 % of the original observations. The minimum pairwise correlation coefficient was 0.99 for both Pearson r and Spearman rho. The concordance correlation coefficient (rho_c) between the FD and the preferred model LG7a was 0.993 (p \ 0.0001) with 0.995 being recorded for the measure of accuracy (C_b).
Although LG10 had 91 % of the observations, it produced only 21 IO in its value set. Finally, a compromise was achieved with LG7, where 80 % of the original observations were retained without any IO in the value set. Thus, the EQ-5D-3L value set produced from LG7 GLSRE PM (LG7a) was considered as the preferred values set for Sri Lanka.
The utility weight calculation for health state 22,212 using the LG7a algorithm is given below. = 0.848-(0.166 ? 0.119 ? 0.071 ? 0.044) = 0.448. Interaction between MO2_UA2 is recognised in LG7a model. As a result, further 0.053 need to be subtracted. Thus, utility weight for health state 22,212 in Sri Lanka is 0.395.
Comparison of the EQ-5D-3L algorithms produced from the FD, LG7a, and LG1 is given in Fig. 1 . More than 50 % of the health states have negative values (worse than death states) in all models. The Australian EQ-5D-3L algorithm, which also used 196 directly valued health states, but considered a GLSRE model with only the level 3 interactions as the preferred model using FD, is compared in Fig. 1 with the EQ-5D-3L algorithms produced from the present study.
The preferred Sri Lankan EQ-5D-3L utility values are compared to the Australian, Argentine, and Thai EQ-5D-3L utility values (Fig. 2) . The Sri Lankan EQ-5D-3L utility values show marked differences to the other countries, especially for the more severe health states. However, utility values for less severe health states are similar among the compared countries. The Sri Lankan EQ-5D-3L values deviate sharply from other countries when health states with level 3 in mobility are introduced. The concordance correlation coefficient and the measure of accuracy between the Sri Lankan preferred value set and Australian values set were 0.540 (p \ 0.001) and 0.657, respectively. LG1-excluding all participants with at least one logical inconsistency and non-traders; LG10-excluding all participants with more than 10 logically inconsistency and non-traders;
LG7a-excluding all participants with more than 7 logical inconsistency and non-traders;
LG7b-same as LG7 but all interactions; and LG7c same as LG7 but only the third level interactions For each model, we also examined the female as an independent variable in the main effects and found nonsignificant coefficient for the same (e.g. LG7a model: -0.043 (p = 0.231).
Discussion
The present study produced an EQ-5D-3L utility value set for Sri Lanka. It is the first EQ-5D-3L valuation for the South Asian region as well as the first utility values for a lower middle-income country. The Sri Lankan EQ-5D-3L valuation study used the largest number of plausible health states for direct valuation, similar to the Australian EQ-5D-3L study [11] . The present analysis made use of 10,393 observations in examining interactions among dimensions in the regression model.
In all model specifications, worsening of the mobility dimension from level 2 to level 3 carried a value less than negative one. This reflects the conviction of the Sri Lankan population where they fear being bed ridden. The negative value associated with the MO3 coefficient may reflect the lower health and social support, as well as difficult accessibility options, for a mobility-impaired person in Sri Lanka. Consequently, the coefficient for MO3 is explicit in reflecting the gap in health facilities, disability support, and accessibility in public and private transport systems between high income countries and a lower middle-income country.
Sri Lankan EQ-5D-3L utility values from all model specifications plunged below zero when mobility level 2 was introduced into the health states, and a further decline was perceptible when mobility level 3 was introduced into the health states. This is quite different from Australian values [11] , where negative values were recorded for only 20 % of the health states. The same difference of Sri Lankan utility values associated with Thai [20] and Argentinian [19] utility values also shows that utility values from a lower middle-income country are substantially different from upper middle-income countries. The preferences of the people for severe health states in Sri Lanka are significantly lower than other compared economies. It is evident that Sri Lankans have a stronger preference to avoid severe health states-even with loss of life.
The main aspect of the present analysis depended on the number of logical inconsistencies in the utility observations. The Dolan et al. [14] definition of LI was considered too harsh as it excluded the majority of the observation sample. Lamers et al. [15] definition was considered more adaptable as the justification for its use was based on 0.05 minimum TTO increment. As a result, using the Lamers et al. [15] definition retained a larger sample of observations for the analysis. The model for LG7a was accepted as the best to produce an EQ-5D-3L value set for Sri Lanka based on the number of LI in the sample and the number of IO in the respective value set as well as model fit values.
LG7a was the largest sample of observation to achieve an algorithm with zero number of IO.
The algorithm from the FD with 10,393 observations was rejected based on the large number of IO in the value set. Exclusion of non-traders also did not reduce significantly the number of IO. The sub-sample LLI was devoid of all LI observations. However, the algorithm for LLI also contained IO in the value set.
LG1, which excluded all individuals with at least one LI, had no IO but was rejected based on the small number of observations in the sample.
LG7 was the highest sample size with no IO in the value set. Thus, the PM from LG7 was used to estimate the Sri Lankan EQ-5D-3L value set. Moreover, high correlation between utilities resulted from the preferred model, with 80 % of the sample observations and FD confirming that there are no significant errors in accepting the model only from a subset of the total observations.
In the present study, the model that provided the best fit, and was thus chosen for estimating the Sri Lankan utility value set, includes the PM with most significant pairwise interactions among dimensions. Viney et al. [11] , in a similar analysis, observed that these interaction terms are ''generally positive and therefore in the opposite direction to the main effects'' [11] . Our findings also agrees with their [11] multiplicative effect of interaction. Moreover, the PM model gave additional information where generally all the significant interactions were associated with mobility level 3. Mobility worsening to level 3, when interacted with any other dimensions worsening to level 3, always produced a utility increment which was statistically significant. Thus, multiplicative effects from interaction terms were confirmed by these results.
The present study has produced the utility value set for Sri Lanka., The EQ-5D-3L utility weights will allow use of QALYs as an outcome measure in future health economic evaluation in Sri Lanka. The utility values estimated in the present study are country specific and reflect the preference of the general population who are voters as well as tax payers of the same country. Hence, the present study should bridge a gap which has previously inhibited health economic evaluations, including studies of cost-effectiveness, throughout the Sri Lankan health system. Sri Lanka is also in the process of introducing a National Drugs Act. Therefore, it is anticipated that the Sri Lankan health system will soon be considering the introduction of costeffectiveness analysis to its decision-making process. As a result, the Sri Lankan EQ-5D-3L utility values set will have important practical implications in the near future.
Limitations
The main limitation is around the population sampled for the TTO experiments. The data collection centred on Western and central parts of the island where there are more Sinhalese Buddhists in the population. However, it was deemed logistically impossible to use tri-lingual data collectors to include a Tamil speaking population. Moreover, there is substantial difference of the demographics between the sample and the general population of Sri Lanka which could be due to the fact male workers from villages travel to city and stay there for extended periods. Thus, stay-at-home females dominated our sample which could affect the representation of the value set. However, in urban parts of our sample areas, the demographics of the sample were similar to the general population.
Conclusions
An EQ-5D-3L value set for Sri Lanka was developed from this study. Avoiding severe mobility problems had the greatest value for Sri Lankans. The EQ-5D-3L value set significantly deviated from values of higher income countries. Thus, CUA using Sri Lankan utility values will likely produce different cost-effectiveness results from analyses using external values.
